[1] Developing a predictive understanding of subsurface contaminant plume evolution and natural attenuation capacity is hindered by the inability to tractably characterize controlling reactive transport properties over field-relevant scales. Here we explore a concept of reactive facies, which is based on the hypothesis that subsurface units exist that have unique distributions of properties that influence reactive transport. We further hypothesize that geophysical methods can be used to identify and spatially distribute reactive facies and their associated parameters. We test the reactive facies concept at a U.S. Department of Energy uranium-contaminated groundwater site, where we have analyzed the relationships between laboratory and field (including radar and seismic tomographic) data sets. Our analysis suggests that there are two reactive facies that have unique distributions of mineralogy, texture, hydraulic conductivity, and geophysical attributes. We use these correlations within a Bayesian framework to integrate the dense geophysical data sets with the sparse corebased measurements. This yields high-resolution (0.25 m x 0.25 m) estimates of reactive facies and their associated properties and uncertainties along the 2-D tomographic transects.
1. Introduction
Background
[2] Successful prediction of subsurface contaminant plume evolution and assessment of natural attenuation capacity requires the ability to correctly identify controlling reaction and transport properties and to accurately distribute those properties over relevant scales. Properties controlling reactive transport of a contaminant plume include both hydraulic characteristics (such as permeability) and reactive characteristics (such as mineral surface properties, organic matter content, microbial ecology, and dissolved phases). Spatial heterogeneity of these characteristics strongly influences the evolution of a contaminant plume. However, parameterization of this heterogeneity is severely limited by the sparse nature of subsurface sampling using borehole approaches. For example, established hydrological characterization methods (such as pumping, slug and flowmeter tests) are commonly used to measure hydraulic conductivity in the vicinity of the wellbore [e.g., Freeze and Cherry, 1979 ; Butler, 2005 ; Molz et al., 1994] ; wellbore fluid samples are often used for water quality assessment [e.g., Chapelle, 2001] ; and laboratory analysis of retrieved core samples is often used to characterize reactive mineralogy. Unfortunately, data obtained from borehole methods is typically sparse relative to the simulation volume and thus may not capture sufficient information away from the wellbore to describe the key controls on subsurface flow or reactions. The inability to characterize controlling properties at a high enough spatial resolution and over a large enough volume often hinders our ability to accurately simulate subsurface flow and transport processes. To circumvent this common obstacle, we explore if properties that control reactive transport can be associated with a subsurface unit that is discernible with geophysical methods in order to both simplify the task of characterizing heterogeneous systems and to ameliorate the problem of inadequate sampling. Moreover, we explore the potential of geophysical methods for identifying and spatially distributing these reactive facies over field scales, as is needed to improve predictions of subsurface contaminant transport.
[3] The reactive facies concept is based on the hypotheses that subsurface units can be identified, which have shared properties that influence flow and reactive transport that are distinct from surrounding units. A facies is an assemblage of like characteristics, usually reflecting the origin of a rock unit that serves to differentiate the unit from neighboring or related rock units [Koltermann and Gorelick, 1996] . Some common facies types include lithofacies (defined on the basis of petrographic properties); sedimentary/depositional facies (defined by geologic origins [Reading and Lovell, 1996; Anderton, 1985] ), and hydrofacies (sediment units that share distinctive hydraulic properties used for parameterizing hydrology models); [Poeter and Gaylord, 1990; Klingbeil et al., 1999 , Heinz et al., 2003 Zappa et al., 2006] . One of the main advantages of facies-based approaches is that they can significantly simplify the task of characterizing complex heterogeneous systems by subdividing the subsurface into a finite number of relatively homogeneous units that can be more easily described and characterized.
[4] Evidence suggests that facies-based approaches often better represent subsurface property distributions compared to distributions obtained from interpolation of point measurements [Fogg et al., 1998; Falivene et al., 2006; Michael et al., 2010; Zappa et al., 2006] . Hydrofacies-based approaches for characterizing hydrologic properties can often better represent sharp contrasts observed between different deposits and better represent the interconnectivity of conductive bodies relative to traditional interpolation techniques that spatially smooth heterogeneities [e.g., de Marsily et al., 2005] . Eggleston and Rojstaczar [1998] showed that hydrofacies, identified through wellbore sampling and used as input to flow and transport models, improved the estimated distribution of a contaminant plume compared to other methods used to develop the model domain parameters (such as kriging and polynomial regression).
[5] The use of facies to characterize contaminant reactivity in highly heterogeneous environments has also shown significant promise. Kleineidam et al. [1999] showed that the sorption of hydrophobic organic contaminants in a fluvial aquifer depends on the source, petrographic composition, and depositional processes of the sediment. They observed increased rates of sorption and higher proportions of organic sediment grains in gravel-dominated facies when compared to sand-dominated facies. These variations were traced to differences in source rock (organic rich sedimentary rocks versus silicate dominated igneous and metamorphic rocks) and to differences in sediment maturity (highly transported and weathered sands compared to gravels). The study of Kleineidam et al. [1999] emphasized the importance of not only differences in lithofacies, but also the history and source of the sediments that constitute a facies. van Helvoort et al. [2005] studied the reactive potential of different sediments within an unconfined fluvial aquifer and found improved predictive ability when sediment samples were subdivided into sedimentary facies. They showed that accounting for postdepositional facies-based processes (such as facies-selective oxidation or reduction of mineral and organic components) led to improved prediction of groundwater reactivity over models that disregarded postdepositional alterations. These studies suggest that by using a facies based approach along with careful laboratory analysis, reactive behavior can be better characterized.
[6] Although attempts have been made to link subsurface units with hydrogeological or reactive properties, only a few studies have explored the link of facies with both of these properties together. Scheibe et al. [2006] conducted numerical studies to explore the impact of coupled physiochemical properties (including clay content, hydraulic conductivity, and iron sediment geochemistry) on the efficacy of uranium bioremediation. In their synthetic study, they used subsurface hydraulic conductivity and geophysically obtained Fe(III) estimates from the U.S. Department of Energy (DOE) South Oyster Bacterial Transport Site Chen et al., 2004] and assumed a negative correlation between the hydrological and sediment geochemical properties. Li et al. [2010] also performed numerical studies to explore the impact of coupled physiochemical properties on uranium transport associated with the DOE Integrated Field Research Center in Rifle, CO. They found that linked hydraulic conductivity and Fe(III) distributions resulted in localized larger accumulation of remediation-induced biomass and precipitates relative to homogeneous or independent heterogeneities, which led to a greater possibility of pore clogging. Allen-King et al. [1998] categorized relatively homogeneous core samples on the basis of sediment facies in the Borden Aquifer and found good correlations between hydraulic conductivity (K) and adsorption coefficient (Kd) when the data were subdivided by facies [Allen-King et al., 1998 ]. Together, these studies suggest that a reactive facies based approach may provide a simple, yet effective, framework for describing coupled physiochemical properties that govern subsurface flow and transport.
[7] Herein, we explore if reactive facies can be identified, distributed over field scales using geophysical data, and used to parameterize reactive transport models. In the last decade, geophysical methods have been used extensively for shallow subsurface mapping, parameter estimation, and process monitoring [e.g., Rubin and Hubbard, 2005; Vereecken et al., 2006] . The main advantage of using geophysical data to complement conventional measurements is that geophysical methods can provide spatially extensive information about the subsurface in a minimally invasive manner at a comparatively high resolution. The greatest disadvantage is that the geophysical methods only provide indirect proxy information about subsurface properties or processes: petrophysical models and integration methods are commonly used to extract quantitative estimates of subsurface flow and transport properties from the geophysical data [e.g., Hubbard and Linde, 2010; Slater, 2007] .
[8] Petrophysical relationships are often developed through comparison of geophysical attributes at wellbore locations with measurements made in the wellbore or using wellbore-derived core. The comparison of geophysical and single ''point'' measurements suffers from two main drawbacks. The first complication stems from the differences in measurement support volume of geophysical measurements and the direct measurements [e.g., Ferré et al., 2005; Moysey et al., 2005; Day-Lewis et al., 2005] . The support scale of geophysical measurements is related to the resolution of the method (which in turn is governed by factors such as acquisition method, geometry, and material properties); it is generally much larger than the support scale of direct measurements. In addition to scale-matching problems, wellbore drilling and laboratory analysis of individual core samples (which are used to assess permeability, porosity, sorting, and mineralogy) often disturb the material, rendering the measurements less representative of the in situ conditions that are sampled by the geophysical signals. Statistical development of petrophysical relationships between physiochemical properties and geophysical attributes requires a large number of analyzed samples. Because reactive facies are likely to be larger than the geophysical measurement support scale, a reactive facies based characterization approach has the potential to minimize the scalematching problem and increase the statistical significance of the petrophysical relationship.
[9] Many geophysical attributes have the potential to be sensitive to facies-based architecture and associated parameter suites. Indeed, the juxtaposition of different facies and the resulting seismic signature of the interface led to the development of a concept called seismic facies [Sangree and Widmier, 1979] , which has been widely used to delineate stratigraphic architecture for the exploration of hydrocarbons. The concept of using geophysical methods to delineate the architecture of sedimentary units has been adopted for the shallower subsurface using many different geophysical methods, including seismic, electrical [Gerilynn et al., 1995] , and ground-penetrating radar (GPR) [Neal, 2004; van Overmeeren, 1998 ].
[10] Related to the facies concept, many studies have illustrated the value of geophysical methods for characterizing aquifer zonation, and in turn, for improving the understanding of subsurface flow and transport. Hyndman and Gorelick [1996] used seismic tomographic travel time data in conjunction with slug and tracer data to identify zones within an aquifer that had similar hydraulic properties. Tronicke et al. [2004] utilized both GPR travel time and attenuation tomography to delineate aquifer zones using multivariate statistics. Paasche et al. [2006] utilized a clustering technique to define aquifer zones based on the response of multiple geophysical techniques and hydrological measurements. Linde et al. [2006] developed a methodology for inverting tracer test data using zonation information obtained from two-dimensional radar tomograms to improve the (typically overly smooth) hydraulic conductivity fields obtained from conventional inversion of tracer test data. The method simultaneously yielded two-dimensional estimates of hydraulic conductivity as well as petrophysical relationships that relate hydraulic conductivity to radar velocity for each key zone. Chen et al. [2004] utilized a Bayesian methodology and observed correlations between mud content and GPR attenuation to quantify the distribution of lithofacies in a shallow, unconfined aquifer. Hubbard et al. [2008] used cross-hole radar and seismic measurements with wellbore flowmeter data and a statistical approach to identify hydraulic zonation within a Cr(VI) contaminated aquifer at the DOE Hanford Site in Washington. They found that the hydrological zonation greatly controlled the distribution of amendments that were injected into the subsurface to stimulate bioremediation as well as the location of the induced biogeochemical transformations. Chen et al. [2010] jointly inverted surface seismic refraction travel time and wellborebased lithological information to delineate subsurface zonation at the contaminated Oak Ridge National Laboratory. They used the results to identify the presence of a narrow and laterally extensive subsurface feature that was interpreted to control plume transport.
[11] A common hypothesis for many of these studies is that the geophysical attribute (such as electrical conductivity, GPR attenuation, or seismic velocity) is sensitive to the bulk or effective soil properties (such as composition, texture, grain size, or sorting) associated with facies. A secondary hypothesis, explored by Chen et al. [2004] , is that the sensitivity of geophysical attributes to lithofacies could also be used to quantify sediment geochemistry through exploiting the mutual dependence of geophysical attributes and sediment geochemistry on lithology. Using cross-hole tomographic GPR data collected in conjunction with wellbore core sediment extract data, Chen et al. [2004] developed and exploited a petrophysical relationship between mud content, iron mineralogy, and GPR attenuation to estimate the spatial distribution of Fe(II) and Fe(III) within a shallow aquifer. Together, these studies suggest that geophysical methods hold significant potential for identifying subsurface units that have distinct distributions of hydrological and geochemical properties.
Reactive Facies Approach
[12] Previous studies have suggested the value of a facies concept and the potential of geophysical methods to identify facies. Our approach builds on these previous studies to first define the key controls over reactive transport at a particular site, determine if reactive facies exists, and then to determine if geophysical methods can be used to identify and spatially distribute reactive facies and associated properties over field scales as is needed to parameterize reactive transport models. Our approach is schematically indicated in Figure 1 . Laboratory-scale analysis is performed to identify the key controls on contaminant reactivity (such as sorption, ion exchange and oxidation) and to determine if these controls are dependent on properties such as mineralogy and texture that may define a reactive facies. In parallel, geophysical analysis and data mining are performed to determine if sediment packages have unique and linked distributions of reactive transport properties, and whether geophysical attributes are able to distinguish the identified reactive facies. If both lines of investigations are successful, then estimation approaches can be used with geophysical data sets to spatially distribute the reactive facies at the field scale.
[13] We develop and test the concept at an acidic, radionuclide-contaminated aquifer located under seepage basins at the F-Area of the U.S. Department of Energy Savannah River Site (SRS), South Carolina. Developing a predictive understanding of long-term plume mobility in the presence of significant pH gradients is important for ascertaining the long-term natural attenuation capacity at this site [Denham and Vangelas, 2009; Dong et al., 2012; Spycher et al., 2011] . Advanced laboratory exploration of facies-based surface complexation models, as well as reactive transport model sensitivity analysis studies, associated with this site are ongoing.
[14] Our study is organized as follows. Section 2 provides a description of the study site and the geochemical, geophysical, geological, and hydrological data sets collected at the site. The methodology used to integrate these various data in the identification and estimation of reactive facies is described in section 3. Results and conclusions are provided in section 4.
2. Study Site, Data Sets, and Methodology 2.1. The Savannah River Site: F-Area Seepage Basins
[15] The SRS is located approximately 160 km from the Atlantic Coast and is underlain by poorly consolidated Atlantic Coastal Plain sediments. The SRS covers an almost circular area of about 800 square kilometers and contains facilities constructed in the early 1950s to produce plutonium and tritium for the U.S. nuclear weapons stockpile. SRS has approximately 172 Â 10 6 m 3 of groundwater, soil, and debris contaminated with metals, radionuclides, and organics [NRC, 2000] as a result of on-site disposal practices. The SRS F-Area Seepage Basins are located in the north central portion of SRS and consist of three unlined, earthen surface impoundments that received approximately 1.8 billion gallons (7.1 billion liters) of acidic, low-level waste solutions. The acidic liquid waste (average influent pH of 2.9) originated from the processing of irradiated uranium in the F-Area Separations facility from 1950 through 1989. As a result, the sediments that underlie the F-Area have been exposed to acidic solutions for many decades. The groundwater is currently acidic, with pH values as low as 3.2 near the basins. The plume currently extends from the basins approximately 600 m down gradient to a receiving stream, and contains a large number of contaminants. Based on risk to potential receptors, the most hazardous contaminants are uranium isotopes, Sr-90, I-129, Tc-99, tritium, and nitrate. The basins were closed and capped in 1991. A pump-and-treat remediation system began operation in 1997, and it was replaced in 2004 by a hybrid funnel-and-gate system installed about 300 m up gradient from the stream (see Figure 2 ). Alkaline solutions are now being injected into the subsurface near the gates in an attempt to neutralize the acidic groundwater down gradient of the seepage basins. Monitored Natural Attenuation (MNA) is the eventual desired closure strategy for the site, based on the conceptual model that rainwater will eventually neutralize the lingering mineral surface acidity, causing an increase in pH, which will lead to sorption of U and thus natural immobilization in the trailing end of the plume. If the natural pH neutralization up gradient from the treatment system is insufficient, additional enhanced neutralization will be required. The development of an understanding of the longterm H þ and U sorption behavior at the site in the presence of natural heterogeneity is critical to assessing the in situ treatment requirements over the long time frame [Denham and Vangelas, 2009; Wan et al., 2012] .
[16] Sediments at the site were deposited primarily in shallow marine and fluvial environments [Gohn, 1988; Jean et al., 2004] . The site hydrogeology has been described in detail in many site reports [e.g., Looney et al., 1972; Killian et al., 1986; Strom and Kaback, 1992] . The contaminant plume related to the F-Area basin ( Figure 2 ) is found within the Upper and Lower Upper Three Rivers Aquifers (UUTRA and LUTRA); these two aquifers are separated by a clay lagoonal deposit [Jean et al., 2004] known as the Tan Clay Confining Zone (TCCZ). The LUTRA is underlain by the Gordon aquitard. The greatest proportion of nitrate and uranium contamination is found in the UUTRA, which is the focus of this study. The UUTRA aquifer is composed of two major depositional facies: barrier beach deposits (which are composed mostly of clean sands), and lagoonal deposits (which are composed of sandy clay) [Jean et al., 2004] . Major minerals identified at the site are quartz (SiO 2 ), Figure 1 . Schematic approach for identifying and distributing reactive facies using laboratory analysis, geophysical methods, and data mining. kaolinite (Al 2 Si 2 O 5 OH 4 ) and goethite (FeOOH); amounts of other clays and carbonates are typically negligible in the water table aquifer but increase in deeper aquifers [e.g., Strom and Kaback, 1992; Serkiz et al., 2007] .
[17] A drilling and sampling campaign was conducted at the F-Area in 2008 at two ''local-scale'' study sites (Figure 2 ). One site was developed near wellbore FAW1, which is at the edge of the U plume and is designated the ''clean'' site for this study. The other site was developed in the heart of the plume near FAW5 and is designated the ''contaminated'' site. Three other wellbores were drilled throughout the F-Area to provide additional information about the physiochemical properties of the site. All wellbores were drilled through the UUTRA to near the top of the TCCZ and completed with PVC casing. Although deeper drilling would have allowed sampling of the LUTRA (and thus testing the reactive facies U concentrations. The FAW-1 and FAW-5 wells are located in the local-scale study sites. We focus here on the wellbore and cross-hole data collected at the FAW-1 ''clean'' local-scale study site.
concept over a larger and more geologically variable depth section), concerns about drilling through the TCCZ aquitard dictated the total drilling depth. A total of 34 core samples were retrieved for analysis; analysis of these cores is described in section 2.2. Cross-hole geophysical data sets were collected between wellbores at both of the local-scale study sites, as is also described in section 2.2.
[18] Our goal at this site was to explore, through coupled laboratory and field studies, if the reactive facies concept is viable and if geophysical methods can be used to extrapolate reactive facies at the local scale. In 2010, wellbore logging was performed in all of the wellbores drilled in 2008, and surface seismic data were collected along two transects that were oriented parallel and approximately perpendicular to the plume gradient.
Data Acquisition and Analysis 2.2.1. Laboratory Analysis
[19] Laboratory analyses of 34 retrieved sediment samples from 5 wells ( Figure 2 ) were performed by Dong et al. [2012] and Seaman et al. [2009] to gain an understanding of the mineralogical controls on pH-dependent U sorption at the F-Area. Sediment texture was measured using standard hydrometer analysis. The mineralogy was estimated with a combination of X-ray diffraction (XRD) and scanning electron microscopy (SEM) to establish the mineral components and X-ray fluorescence (XRF) to establish the proportion of each mineral. Textural information on samples was found through a combination of sieve and hydrometer analysis. The fine content within our samples varied between 2% and 37%. The surface areas of each sample were estimated by BET analysis.
[20] These recent laboratory investigations were conducted to characterize and explore controlling reactive properties in UUTRA sediments. Major minerals, identified from XRD and SEM images, were quartz, kaolinite and goethite. Because the driving mechanism of uranium sequestration at the site is the pH-dependent sorption of U to kaolinite and goethite Serkiz et al., 2007] , the abundance and spatial distribution of these minerals are believed to be key sediment properties affecting U transport. Therefore, the volumetric proportions of kaolinite (Al 2 Si 2 O 5 OH 4 ) and goethite (FeOOH), as inferred from measured (XRF) Al:Fe ratios, fine content, and porosity, are likely to be critical for understanding reactive transport at the field scale, and is considered as a key target for the reactive facies characterization effort. Because pH plays an important role in U adsorption, sediment titration experiments were performed to quantify the surface protonation/deprotonation characteristics of F-Area sediments. These experiments consist of first titrating the sediments with an acid down to pH $3, then titrating the resulting mixture and its supernatant with a base to pH above 9 [after Ge and Hendershot, 2004] , and recording the amount of base added after each pH reading.
Historical Data Sets
[21] Extensive subsurface core samples and groundwater monitoring data have been collected and summarized in DOE reports over several previous decades. Geologically interpreted descriptive well logs, with information on sediment texture, architecture, and depositional facies [Smits et al., 1997] provide important insights into the distribution of sediments and facies within the contaminated area.
These geologic logs show that the UUTRA is dominantly a sand deposit with the percent fines varying between 0 to 40%, as determined though optical counts [Smits et al., 1997] . Accompanying the sediment descriptions are qualitative estimates of porosity from binocular microscope analysis [Smits et al., 1997] and hydraulic conductivity estimates derived from pumping tests [Denham, 1999] , slug tests and laboratory experiments [Hamm et al., 1996] . The laboratory measurements of hydraulic conductivity within the UUTRA show a range between 1 Â 10 À1 to 1 Â 10 À9 cm s
À1
. The mean hydraulic conductivity of the UUTRA, obtained using pumping tests, is estimated at 3.5 Â 10 À3 cm s
. This variability is consistent with previous findings that measurements of hydraulic conductivity are dependent on the measurement support scale [e.g., Tidwell et al., 1999; Beckie and Harvey, 2002] . We derived the hydraulic conductivity distributions as a function of depositional facies by cross-referencing the database of geologic log descriptions along with the database of laboratory-derived hydraulic conductivity values. The UUTRA conductivity values from the laboratory data set show a marked contrast in hydraulic conductivity between the lagoonal and beach/barrier facies.
Geophysical Data
[22] As part of this study, tomographic radar and seismic data were collected between the boreholes at both local scale study sites using both zero offset profiles (ZOP) and multiple offset profiles (MOP) following . Both seismic and GPR [e.g., Sangree and Widmier, 1979] and GPR [e.g., Neal, 2004; van Overmeeren, 1998 ] methods have been shown to be useful in distinguishing facies and aquifer zonation, as was described in section 1.1. Also, these methods where chosen because of their relatively high resolution, which is important at the scale of our study. Cross-hole electrical data sets were not acquired because well screens, which are needed for electrolytic conduction, were limited in length and were positioned at various depth intervals in the different wells to meet regulatory sampling requirements. The radar tomographic data were collected using a PulseEKKO 100 system, with 100 MHz central frequency antennas and a transmitter receiver sample interval in the wellbores of 0.25 m. Radar data were collected between depths of 18.5 to 38 m depending on the completion depth of the wells. Radar travel time and amplitude picking, preinversion quality control steps, and inversion procedures were performed following the procedure of . The first-arrival travel times for all raypath propagating in the saturated zone were picked for each transmitter/receiver location, and an associated amplitude value was calculated as the square root of the sum of the squared amplitude values for all samples within approximately the first 15 nanoseconds following the first break pick. The baseline radar travel times and amplitudes were inverted for radar velocity and attenuation, respectively, using a straight-ray wave algebraic reconstruction technique [Peterson et al., 1985] and a discretization of 0.25 m by 0.25 m. The straight-ray approach is often used when inverting data sets in which radar velocity contrasts are less than $20% . No wellbore constraints, smoothing, or assumptions about anisotropy were imposed during the tomographic data inversion process. Source and receiver corrections were performed, however, which attempt to dampen geophysical responses at the borehole caused by disturbances such as washouts or sloughing. Radar signal quality was good through the sandy and sandy clay sections but poor to completely attenuated through the more clay-rich or highly contaminated sections. The GPR attenuation and velocity tomograms particularly show significant amounts of detail between the wellbores. Examples of inverted 2-D radar velocity and attenuation tomograms are shown in Figure 3 . Seismic data were collected in the saturated section only, using a Geometrics Geode seismic system, an LBNL piezoelectric source, and an ITI hydrophone sensor string. The central frequency of the pulse was 4000 Hz with a bandwidth from approximately 1000 to 7000 Hz. The source and geophone spacing in the wellbores was 0.25 m. Travel times were picked for all source-receiver pairs and inverted using a 0.25 m by 0.25 m discretization. A straight-ray algebraic reconstruction technique [Peterson et al., 1985] was used to invert the seismic travel time information into estimates of Figure 3 .
[23] Electrical induction and natural gamma downhole logs were acquired within well nests near the new FAW-1 and FAW-5 wells (Figure 2 ) as well as within several older wells distributed throughout the F-Area. These logs were acquired with a Mt Sopris system using centimeter scale sampling intervals. These logs where filtered using a moving average window of 0.25 m to remove high-frequency noise and to provide a consistent scale for comparison with the tomographic data. Electrical induction logs are sensitive to pore water conductivity, mineralogy and sediment texture, while natural gamma logs are sensitive to the amount of radioactive elements present and are an indicator of clay content. In wells where depositional facies interpretations of cores were not available, we relied on electric induction and natural gamma logs to provide estimates of 
bias that may exist between the different logs due to varying wellbore conditions. To consistently interpret depositional facies, we utilized logistical regression [e.g., Ott and Longnecker, 2001 ] on log-based geophysical attributes and depositional facies-based indicator values. We utilized the stepwise deletion model selection procedure for the regression where we started with high-order polynomial equations with all available geophysical attributes. Polynomial terms and/or geophysical attributes not found to contribute to the estimation of depositional facies were dropped from the regression. The logistic regression model has good fit, with a residual deviance of 90.528 on 196 degrees of freedom, where a good fit is interpreted when the degrees of freedom exceed residual deviance. The logistical regression provided the probability of the depositional facies given the geophysical log data (Figure 4) .
[24] As an example of the different types of geophysical, lithological, and depositional data available, Figure 5 shows a comparison of a subset of the data near one particular well in the ''clean'' FAW-1 local scale study site, including GPR attenuation and velocity (extracted from the tomogram near the wellbore location), seismic velocity (extracted from the tomogram near the wellbore location), electrical conductivity and gamma values (from wellbore logs), percent mud content and facies interpretation (from historical data sets).
Methodology
[25] Following the approach illustrated in Figure 1 , we first explore if reactive facies exist at the F-Area through statistical analysis of new laboratory data and existing physiochemical properties. Subsequently, analysis is performed to determine if geophysical attributes can identify and distinguish between different reactive facies. If both lines of investigation are successful, then estimation approaches can be used with tomographic data sets to spatially distribute the reactive facies along 2-D transects at the field scale.
Statistical Analysis
[26] Statistical analysis was performed to discover (1) what physical or geochemical property, or combination of properties, control the reactive behavior of uranium at the site and thus define the reactive facies and (2) what geophysical attributes are sensitive to those reactive facies. The data mining focused on a large range of physical, geochemical, and geophysical attributes, including: pH, Kd, hydraulic conductivity (K), XRF elemental analysis, sample color, percent fines, percent sand, percent gravel, depositional facies, sample electrical conductivity, seismic velocity, GPR Figure 4 . Well logs of electrical conductivity (EC) and natural gamma along with the interpreted depositional facies probability from logistical regression for wells (left) 120A and (right) 120C in the FAW-1 well cluster. The red lines on the interpretation plots represent the probability of being in the lagoonal facies, black rectangles represent areas where the probability lagoonal facies exceeded 0.5, and white area indicate the probability of the beach facies exceeds 0.5. velocity, and GPR attenuation. Analysis approaches included: unsupervised clustering with a self-organizing maps (SOM), construction of correlation matrices, simple linear and multivariate regression, and descriptive statistics. The self-organizing map was developed using the SOM_PAK software package [Kohonen et al., 1996] , and all other statistical analysis was performed using the R statistical package [R Development Core Team, 2010].
Bayesian Estimation Approach
[27] A Bayesian framework was developed to incorporate point measurements, geophysical data, and developed petrophysical relationships in the spatial distribution of reactive facies at the F-Area, together with their associated properties and uncertainties. Specifically, we used the Bayesian estimation framework based on the normal linear regression model . A Bayesian estimation framework updates a prior probability of reactive facies with, in this case, the tomographic images, to estimate the posterior probability of encountering the reactive facies. The posterior estimate of the reactive facies (F) as a function of GPR attenuation (A), GPR velocity (G), and seismic velocity (S) is given by, pðFjA; G; SÞ ¼ N Á LðGjF; A; SÞ Á LðAjF; SÞ Á LðSjFÞ Á pðFÞ; (1) where N is normalization factor, L(GjF,S,A) is the likelihood function describing the probability of the measured GPR velocity given facies information, seismic velocity and GPR attenuation; L(AjF,S) is the likelihood function describing the probability of the measured GPR attenuation given the facies information and seismic velocity ; L(SjF) is the likelihood function describing the probability of the measured seismic velocity given the reactive facies. The last term, p(F), represents the prior probability density function of the reactive facies.
[28] The prior distributions were obtained through kriging wellbore-based data using GSLIB [Deutsch and Journel, 1998 ] using variogram models constructed through analysis of vertically distributed wellbore data and using an assumption of a 3:1 horizontal to vertical anisotropy ratio. Unlike the original example of the Chen et al. [2001] paper, which focused on estimating continuous properties, we estimate the probability of encountering categorical units, or reactive facies. This requires some subtle changes to the Chen et al. [2001] method for estimating the prior distribution. The 2-D prior estimates of reactive facies were created using indicator kriging (GSLIB [Deutsch and Journel, 1998 ]) conditioned to reactive facies probabilities estimates extracted from log data. This indicator kriging provides the probability of encountering reactive facies, as a function of position, based on wellbore data only.
[29] The likelihood function, which links the geophysical attributes to the reactive facies, is estimated using the normal linear regression method of Chen et al. [2001] . Also different from the Chen et al. [2001] approach, the reactive facies were represented as a treatment variable, or bias term, within the regression since they are categorical variables. Assuming that the probability density functions (pdf) of the conditional probabilities are described by a normal distribution, one can utilize a normal linear regression model to estimate the mean and variance required to completely describe the likelihood function. The regression model utilizes collocated facies, GPR and seismic velocity, Figure 5 . Comparison of geophysical attribute obtained at FSB-120C well using tomographic approaches with sediment texture and depositional facies type at the FSB-120AR well, which is located 1.5 m away, obtained from well logs and core analysis. EC ¼ electrical conductivity.
9 of 20 and GPR attenuation data. In our categorical system we assign the facies a binary value of 1 or 0, where 1 indicates that the facies exists at that location and 0 if other facies exist at that location. These categorical variables are included in the normal linear regression model as categorical, or treatment, variable [e.g., Ott and Longnecker, 2001] . The procedure that we use to obtain the likelihood models from the collocated data is a stepwise deletion model selection process. We start from a quadratic full model and deleting terms that are statistically not significant using a stepwise analysis approach. In the process geophysical attributes that are not contributing sufficiently to the estimation are dropped. For example, to find the optimal regression model, an initial model of GPR velocity (G), as a function of a particular reactive facies (F i ), seismic velocity (S) and GPR attenuation (A), was constructed with polynomial powers up to a power of 2:
After finding the coefficients ( i ¼ 0,1,2. . .15 ) for this polynomial that best fit G, the terms of the polynomial equation with the lowest significance factor is eliminated and then the remaining polynomial terms are refit to the data. This model selection process iterates until all remaining terms fit to a (p ¼ 0.01) significance level. This normal regression model can then be used to calculate the mean and variance (e.g., G as a function of A, S and F), and the mean and variance can then be used to calculate the normal pdf. If more than two reactive facies exist, an independent regression model can be used for each facies, because each facies is exclusive of other facies. In the example of two facies, only one model is needed since the absence of one facies automatically indicates the presences of the other facie. To estimate the posterior facies using geophysical data, we define the posterior probability for a categorical facies variable as 
where F i is facies whose probability is being calculated of the N number of facies (here N ¼ 2).
[30] After estimation of the posterior reactive facies distribution through solving equation (3) numerically, we can obtain the conditional probability of the facies-based reactive transport properties given the probability of the facies at each pixel. This is accomplished by integrating the posterior estimate of the reactive facies with the property distributions for those facies to provide conditional pdf's of fine content, porosity, hydraulic conductivity, and Al:Fe ratios. These distributions allow for the ability to draw multiple possible realizations for parameterizing reactive transport models. For simplicity, we provide only the mean of the distribution at each pixel for figures and simulation.
Reactive Transport Simulations
[31] Reactive transport simulations were carried out with the code TOUGHREACT [Xu et al., 2011] to test the influence of geophysically estimated reactive facies and associated physical and geochemical properties on the predicted migration of an acidic-U plume in the F-Area Savannah River Site. These exploratory simulations were run along the same 2-D tomography transects that were used to estimate reactive facies at the local scale (Figure 3) , although lateral extrapolations of the estimates were performed to allow the simulations to be conducted through a rectangular region. As will be described in section 3.3, the geophysically obtained distributions of porosity, permeability, and mineral volumetric fractions (quartz, kaolinite and goethite) were used to parameterize the model. The estimated probability density functions of Al:Fe ratios were used to estimate the proportions of kaolinite and goethite (assuming no Al substitution in goethite). The volume fractions of these minerals were then used to compute corresponding (heterogeneous) fields of surface area and cation exchange capacity (CEC, using specific surface areas for goethite and kaolinite, and CEC data for kaolinite from Dong et al. [2012] ). Simulations were then performed considering the following cases of property distributions within the modeled domain: (1) fully heterogeneous model (abbreviated here as the ''Hetero'' case), with heterogeneous fields of permeability, porosity, and mineral volume fractions, (2) fully homogeneous model (abbreviated here as the ''Homo'' case), with homogeneous property values calculated by taking the mean of the heterogeneous property fields (using geometric mean for permeability and arithmetic mean for porosity and mineral volume fractions), (3) heterogeneous permeability only (abbreviated here as the ''Hydrofacies'' case), with heterogeneities only affecting flow, and mean values taken for porosity and mineral amounts, and (4) heterogeneous porosity and mineral volume fractions (abbreviated here as the ''Chemofacies'' case), resulting in heterogeneous solid-to-water ratios that directly affect sorption and exchange reactions, while a geometric mean value is used for homogeneous permeability.
[32] The modeled geochemical reaction network for the F-Area from Dong et al. [2012] was used to simulate the U pH-dependent adsorption. The reaction network consists of nine components (U, H þ , nitrate, Al, Ca, Mg, Na, K, and H 2 O) and includes the formation of aqueous complexes as well as surface and exchange species for the adsorption of Hþ and U onto kaolinite and goethite (the latter using data primarily from Heidmann et al. [2005] and Sherman et al. [2008] ). Initial steady state conditions in the flow regime were applied in the reactive transport simulations, with constant positive and negative flow rates imposed on the left and right boundaries of the modeled domain, respectively, with values determined to reproduce observed pore velocities at the site. A scenario involving two infiltration stages was simulated (based on the historical basin operation in the F-Area SRS): (1) 
Analysis and Results

Identification and Distribution of Reactive Facies
[33] The statistical analysis of F-Area data sets revealed significant correlations between geophysical attributes, properties controlling reactive transport, and depositional facies. We found that the fine content was highly correlated to hydraulic conductivity (R 2 ¼ 0.53), to the Al:Fe ratio (R 2 ¼ 0.75) and to surface area (R 2 ¼ 0.73; Figure 6 ). As shown in Figure 6 , there is a nonlinear relationship between hydraulic conductivity and percent fine content; a positive linear correlation between Al:Fe ratio and percent fines ; and a positive linear relationship between surface area (measured by BET) and percent fines. As described in section 2.2.1, we chose to explore the ratio of Al to Fe because those elements provide a proxy of the amount of kaolinite (Al 2 Si 2 O 5 OH 4 ) and goethite (FeOOH) within the bulk sample, which were identified as critical controls for U sorption at the F-Area . Because of the expected sensitivity of both GPR and seismic attributes to texture, this strong correlation between the reactive properties and fines suggests that GPR and seismic methods can potentially be useful for estimating reactive properties.
However, direct correlation between the GPR and seismic attributes to point (core) measurements of fine content revealed only weak correlations (Figure 7) , possibly hindered by the lack of colocated data, sample disturbance, and/ or the differing support scale of the geophysical methods.
[34] We also performed statistical analysis of the physical, hydraulic, sediment geochemical, and geophysical parameters as a function of depositional facies. Figure 8 reveals that the two main depositional facies at the site, a barrier beach facies and a lagoonal facies, indeed have distinct distributions of fine content, hydraulic conductivity, and Al:Fe ratios. Marked contrasts in porosity were also observed between the two facies ( Figure 9) .
[35] This analysis establishes that two reactive facies exist at the F-Area, which have unique distributions of hydraulic and geochemical parameters as summarized in Table 2 . At this site, the reactive facies are coincident with depositional facies. We stress that the correspondence is not a necessary condition for reactive facies. For example, in some cases, depositional facies may not be hydraulically or geochemically distinct. In other cases, post depositional alteration through natural processes (as described by Kleineidam et al. [1999] ) or through anthropogenic processes (such as introduction of a plume) may alter reactive properties that comprise reactive facies. We stress that a reactive facies is a subsurface unit that has a distinct distribution, relative to surrounding units, of reactive transport properties that have been established to be important for the particular site in controlling reactive transport. At the fringe of the plume region in the F-Area, laboratory analysis was used to establish the properties that control reactive transport and statistical analysis of field data has established that the reactive facies are coincident with depositional facies. In subsequent discussions, we will refer to these two reactive facies as the ''barrier beach reactive facies'' and the ''lagoonal reactive facies.''
[36] Having established that two reactive facies exist and are coincident with depositional facies, we then explored the relationships between geophysical attributes and depositional facies. The inverted geophysical attributes of seismic P wave velocity, radar velocity, and radar attenuation were extracted from the tomograms at positions near the Estimated from site-specific data and assuming equilibrium with kaolinite and goethite at equilibrium with atmospheric CO 2 concentrations. wellbore and were compared with collocated depositional facies at cells along wells FAW-1, 120A, and 120C (refer to Figure 2 for location and Figure 5 for an example). We also compared the geophysical logs (gamma and electrical conductivity) to the facies described at the same wellbores (refer to Figure 4 ). Figure 10 and Table 2 show that the depositional facies are geophysically distinguishable. The lagoonal facies had a relatively lower seismic velocity, lower radar velocity, higher gamma count, higher electrical conductivity and higher radar attenuation relative to the beach barrier depositional facies, as is summarized in Table 2 . Note that by comparing the geophysical attributes to facies rather than the individual (point-based) properties (refer to Figure 7 ) the differences in support scale and sample disturbance concerns were minimized and the correspondence improved.
Distributions of Reactive Facies and Associated Properties at the Local Field Scale
[37] Our data mining analysis has provided insights into the existence of two distinctive reactive facies related to depositional processes, and that these facies can be distinguished on the basis of geophysical responses. The existence of only two reactive facies simplifies our estimation problems to a bimodal system. This simplification allows us to invoke the binomial distribution function in the estimation procedure and to utilize the already interpreted depositional facies logs together with the tomographic geophysical data to estimate reactive facies distributions at the field scale. Here we take a two-step approach of (1) estimating the distribution of the reactive-facies using geophysics in a Bayesian estimation framework and then (2) estimating hydrological and reactive transport properties associated with the reactive facies along 2-D tomographic transects. To assess the approach, we compare our geophysically obtained estimates with independent results obtained through laboratory XRF analysis, textural analysis and titration experiments. We also use the geophysically obtained estimates to parameterize a local-scale reactive transport model, and carry out simulations to illustrate the control of the identified reactive facies on plume transport. [38] Figure 11 shows the probability of encountering the lagoonal facies obtained through solving the Bayesian formulation given in equation (3) using the prior distribution of facies, the established likelihood functions, and the geophysical attribute estimates (seismic velocity and radar velocity and attenuation) along the same two tomographic transects shown in Figure 3 . Figures 3 and 11 show that the majority of the study section is interpreted to be the barrier beach reactive facies (blue), with some lagoonal reactive facies distributed between 23 to 38 m depth.
[39] Figure 12 shows the mean estimates of the individual flow and transport properties associated with the estimated reactive facies along the same two local-scale tomographic transects. Figure 12 shows that in areas where the probability of either reactive facies is very high, the estimate approaches the mean of the distributions for each property. In areas of high variance in the reactive facies estimate, the property estimates are weighted averages of the properties of both facies.
[40] To test the predictive power of the Bayesian method for estimating specific properties associated with the reactive facies, we compared the geophyiscally obtained estimates with measurements obtained using two independent data sets. Figure 13 shows a comparison of the Bayesian estimates of percent fines with that retrieved from the historical data, and the Bayesian estimates of the Al:Fe ratio relative to those obtained using the XRF method, described in section 2.2.1, from the retrieved core samples. Unfortunately, all of the texture and XRF measurements were performed on samples retrieved from the beach facies, and as such the measurements are fairly homogeneous. The deepest of the samples is located in a transitional area with increased probability of the lagoonal reactive facies, and show higher levels of fines (11%). Even so, all of measurements fall within the 95% confidence interval of our estimates. We note that there is a systematic overestimation of the percent fines, potentially due to the differences in grain size analysis of our current core analysis (used for verification here) and the historical data (used to generate the conditional probabilities), as was described in section 2.2.2. Despite the disparate measurement support scales of a ''point'' core measurement and the geophysical estimates, as was previously discussed, these comparisons suggest that the reactive parameters estimated using the Bayesian approach within the beach barrier are reasonable.
[41] We also compared the geophysically obtained estimates of reactive facies with independent reactive facies information obtained using the base titration approach described in section 2.2.1. Again, because pH plays an important role in the adsorption of uranium, differences in sediment titration data are thought to be indicative of reactive behavior. These titrations were performed on a limited number of cores retrieved from our drilling campaign, including cores F (located in the interpreted barrier beach reactive facies) and G (located near the interpreted lagoonal reactive facies) as indicated on Figure 11 . Figure 14 shows that the sample located near the lagoonal reactive facies reveals a higher base consumption rate relative to the sample located in the barrier beach reactive facies. Although these data are sparse, they allow an independent assessment of the value of the reactive facies concept and estimation approach.
Reactive Transport Simulations Using the Reactive Facies Estimates
[42] Here, we illustrate how the reactive facies estimates can be used to parameterize a reactive transport model, and explore through simulations the influence of reactive-facies-based heterogeneity on U plume transport. To facilitate simulation through a 2-D domain, the bottom left of Figure 9 . Probability density functions of porosity classes (poor, <5%; moderate 5%-15%; good, 15%-30%; excellent, >30%) for the lagoon and beach depositional facies, as determined from binocular microscope analysis [Smits et al., 1997] . The bootstrap significance level is the probability that the alternative hypothesis is true (i.e., both distributions of the property for facies are the same [Efron and Tibshirani, 1993] ). The porosity classes are defined as less than 5% for poor, 5%-15% for moderate, and 15%-30% for good.
13 of 20 the region shown in Figure 12 was extrapolated using kriging to create a heterogeneous rectangular (exploratory) model domain. The geophysically estimated transport properties (or transformation of those properties obtained as described in section 2.3.3) were used to parameterize the reactive transport model (Figure 15 ). Results of simulations using these fields of properties are shown on Figure 16 , including a comparison of modeled results for previously described cases of heterogeneities: fully heterogeneous Hetero case, fully homogenous Homo case, heterogeneous reactive properties (solid-to-water ratios) Chemofacies case, and heterogeneous permeability Hydrofacies case.
[43] Computed spatial distributions of pH and concentrations of U at different times are shown in Figures 16a and  16b , respectively, for the Hetero case. The steady state pore velocity distribution for this case (Figure 16c ) is consistent with that observed for the UUTRA aquifer system in the F-Area ($130 m yr
À1
). The computed temporal evolution of the normalized mass of U over the entire simulated time period is shown in Figure 16d . To show the impact of heterogeneities on flow and reactive processes, results for the Hetero, Homo, Chemofacies and Hydrofacies cases are compared in this plot. Breakthrough curves for nitrate, pH and U at different locations (i.e., at points B1 and B2 in Figure 16a ) are shown in Figures 16e-16g , respectively. In these plots, the breakthrough curves corresponding to the two reactive facies (Hetero) case are compared with the fully homogeneous (Homo) case.
[44] Analyses of these model results reveal the effect of the reactive facies on both localized plume evolution and total U mass attenuation in the subsurface. Solute transport in the beach reactive facies is advection dominated, whereas it is a lesser transport process in the lagoonal reactive facies as a result of the low permeabilities (see Figures 16a and 16b ). In addition, contaminant (U and H þ ) loading and retardation in the lagoonal reactive facies are enhanced by the higher surface area (solid-to-water ratio) in this facies, which yields a larger number of sites for sorption and exchange (see goethite and kaolinite volumetric distributions in Figures 15e  and 15f ) relative to the barrier beach reactive facies. It should be noted that the predicted pH and U concentrations after 35 years, at the end of stage I (seepage), show nearly homogenous U and pH distributions (Figures 16a and 16b ). This is because during seepage, sorption sites become saturated by the massive influx of U and H þ , at which point sorption no longer controls the aqueous concentrations of these contaminants. However, following stage II (capping), pH partly rebounds when the background groundwater flushes the domain. During this stage, the pH rebound is much slower in the lagoonal reactive facies (Figure 16f) , and a significant mass of U persists in the modeled domain (e.g., compare Hetero and Homo cases in Figure 16d ).
[45] The slower rates of pH rebound in the lagoonal reactive facies are consistent with base titration results observed for a sediment sample that was collected in a transitional area with increased probability of the lagoonal reactive facies ( Figure 14) . As would be expected, the computed normalized mass of U in the heterogeneous reactive facies model domain (Hetero) persists over a much longer time period than in the averaged homogeneous model domain (Homo; Figure 16d ), because of increased loading and slow desorption in areas of high solid-to-water ratios and low permeability. Interestingly, there are marked contrasts in Figure 16d between the Hetero and Hydrofacies cases but little difference between the Homo and Chemofacies cases, indicating that the combination of permeability and reactive (mineral volume fractions plus porosity) heterogeneities in this case has more an effect than reactive heterogeneities alone. This is because zones of low permeability tend to be more reaction dominated than transport dominated (i.e., display increased fluid residence times [e.g., Glassley et al., 2002; Ginn, 2006a, 2006b ]), and therefore zones of low permeability (in the heterogeneous permeability case) with elevated solid-to-water ratios display more reactivity than in the case of higher homogenous permeability with similarly elevated solid-to-water ratios. These model results indicate that not only permeability heterogeneity is important in predicting plume transport, but that heterogeneous solid-to-water ratios (introduced by input heterogeneous fields of mineral volume fractions and porosity, and resulting in heterogeneous surface areas for sorption and exchange) also exert a key control when coupled with heterogeneous permeability. This example highlights the utility of reactive facies as an approach for parameterizing reactive transport models with coupled physical and chemical heterogeneities toward improved field-scale predictions of plume transport.
Future Directions
[46] This study has demonstrated our ability to identify and extrapolate reactive facies between Savannah River Site F-Area wells at the local scale (tens of meters) using cross-hole geophysical data sets and Bayesian methods. However, to be useful for parameterizing reactive transport models over plume scales, two additional problems must be tackled. First, it is necessary to understand the stationarity of the relationship between the reactive facies, the reactive transport properties, and the geophysical signatures. Here, we have explored these relationships for a region of the study site located on the contaminant plume fringe (refer to Figure 2 ). An understanding of the relationships between reactive facies properties and geophysical attributes in the center of the plume, where the minerals have been bathed in acid for several decades, is required for application of this method over the entire plume region; this research is ongoing through analysis of data collected at the local scale site near wellbore FAW-5. The second problem is extrapolation of the reactive facies estimates to larger spatial regions, as is needed to parameterize site-wide reactive transport models. Such extrapolation requires geophysical methods that have sensitivity to the reactive facies but have greater spatial coverage than the cross-well tomographic data used herein. Surface geophysical methods, such as electrical resistivity tomography and seismic reflection data, can potentially fill this gap. Seismic data already acquired at the site show a significant response to the major changes in depositional processes that define the stratigraphic units at the site. Ongoing efforts are underway to address the stationarity issue and to build upon the methodology presented here to develop a multiscale reactive facies Bayesian estimation methodology that can extend the concepts developed here to larger spatial scales.
Discussion and Conclusions
[47] The concept of reactive facies is based on the hypothesis that intermediate to large scale subsurface units can be identified that have linked distributions of properties that influence reactive transport, including both physical and chemical properties. This concept can potentially simplify the task of characterizing the reactive transport properties of a complex geological system over field-relevant scales by exploiting the nonrandom distribution of subsurface units and by utilizing geophysical methods, which often can be used to distinguish between geological units.
[48] Here we developed and tested a Bayesian methodology for using geophysical data and laboratory derived insights to provide and distribute estimates of the reactive facies ; their associated hydraulic, physical, and mineralogical properties ; and their associated uncertainties. Even in the absence of extensive calibration data and applied over a relatively homogeneous subsurface interval, our study suggests that reactive facies can be geophysically identifiable. Comparison of the geophysically obtained reactive facies estimates with sparse independent measurements suggests that the estimation approach is reasonable. Additionally, reactive transport simulations highlight the potential value of the reactive facies approach for parameterizing models used to predict plume mobility.
[49] The reactive facies approach we developed and tested at the F-Area is generalizable to other sites, conditions, and data sets. While we exploited the relationships between depositional facies and geophysical attributes to distribute reactive transport properties, other types of subsurface units or alterations may exert more influence on reactive transport at other sites. In some cases, it may be more useful to explore the relationships between lithological properties and reactive properties, for example a reduced sandstone versus an oxidized sandstone, or an acidized sandstone versus a natural sandstone. As we discussed in section 2.2.1, critical to the success of the approach is the a priori development of an understanding of the key controls of contaminant reactivity at the site under consideration, and thus the properties of the reactive facies are site specific. [50] A facies based approach to parameterizing reactive transport models has inherent advantages over characterizing and distributing independent, point-based measurements. Because a facies approach essentially compresses the large number of properties used in reactive transport prediction into a small number of facies, application to larger regions having more heterogeneity is expected to increase the utility of the reactive facies method for fieldscale characterization. Although the point-to-point comparison of geophysical attributes with the physical, geochemical, and hydraulic properties showed somewhat limited correlation, our study showed that geophysical attributes could distinguish between depositional facies, which was then exploited to estimate and spatially extrapolate the reactive facies and their associated property distributions. The use of facies-based approach for estimating reactive transport properties circumvented the often-encountered problem of developing petrophysical relationships between geophysical and well-based measurements, which often have different support scales and different levels of disturbance. Small-scale heterogeneity, below the support scale of geophysical methods, also play an important role in large-scale reactive transport and perhaps may be treated with equivalent effective media developed from core samples that too can be correlated to facies. Although additional effort is needed to fully validate and extend the method to larger spatial scales, our study suggests that the reactive facies is a useful concept, that the estimation approach is reasonable, and that the larger scale geophysical field data offers a vehicle for extension to plume-relevant regions. Because quantification of reactive transport properties or behaviors are traditionally difficult to obtain, this methodology holds great potential for improving predictions of contaminant transport in heterogeneous subsurface environments, such as at the Savannah River F-Area
[51] Certainly, research opportunities exist to further test the developed estimation procedure for tractably characterizing reactive transport properties over field-relevant scales at locations having a wider range of heterogeneity and different conditions relative to the F-Area.
